High frequency deep brain stimulation (DBS) targeting motor thalamus is an effective therapy for 34 essential tremor (ET). However, conventional continuous stimulation may deliver unnecessary 35 current to the brain since tremor mainly affects voluntary movements and sustained postures in ET. 36 We recorded LFPs from the motor thalamus, surface electromyographic (EMG) signals and/or 37 behavioural measurements in seven ET patients during temporary lead externalization after the first 38 surgery for DBS when they performed different voluntary upper limb movements and in nine more 39 patients during the surgery, when they were asked to lift their arms to trigger postural tremor. We 40 show that both voluntary movements and postural tremor can be decoded based on features extracted 41 from thalamic LFPs using a machine learning based binary classifier. This information can be used 42 to close the loop for DBS so that stimulation could be delivered on demand, without the need for 43 peripheral sensors or additional invasive electrodes. 44 45 Number of Figures: 8 53 Number of Figure Supplements: 2 54 55
22 Hz) contributed most to the movement decoding, and this was followed by activities in the theta 144 (4-7 Hz), delta (1-3 Hz), alpha (8-12 Hz), and high beta band (23-34 Hz) in order of contribution ( Fig.   145 4B). The decoding performance remained high after removing activities lower than 8 Hz, which could 146 potentially be contaminated by movement artefacts, from the Logistic regression. Similar decoding 147 performance was reached after further removing activities higher than 45 Hz, which might be 148 contaminated by stimulation artefact if DBS were switched on. However, if only the broad-band beta 149 activity and its history were included, the decoding performance was noticeably lower (Fig. 4C) . 
Cross-task validation of movement detection 152
The LR-based classifier trained using data recorded while the subjects performed pre-defined cued 153 movements was used to decode other self-paced voluntary movements such as drawing, reaching and 154 picking up objects (Fig. 5) . In all the 8 cross-task validation test sessions from 5 patients, the AUC of 155 7 the movement detection was 0.82 ± 0.023. With a constant threshold of 0.4, the sensitivity for 156 movement detection was 0.77 ± 0.038 and the false positive rate was 0.23 ± 0.033. This meant that 157 if movement detection were used to actuate DBS, DBS would be switched on 77% ± 3.8% of the time 158 when the patients were engaged in free voluntary movements, and DBS would be switched on 23% 159 ± 3.3% of the time when the patients were at rest. measurements, as shown in the results from the within-session cross-validation approach (Fig. 6A) . 169 The AUC for detecting tremor in different postures was 0.88. With the decision threshold of 0.4, the 170 sensitivity of the detection was 80% and false positive detection was 22%. For the seven blocks of 171 postural tremor recorded, the detection on average anticipated tremor onset by -0.1± 0.13 second, 172 ranging from -0.4 to 0.3 second. However, the LR model for detecting postural tremor, as represented 173 by the weights attributed to different features ( Fig. 6C) , was very different from that optimised for 174 decoding voluntary movements (Fig. 6D) . Accordingly, the classifier optimised for decoding 175 movement failed to decode postural tremor and had an AUC of 0.48, close to random decoding, 176 indicating that separate models might be required to detect voluntary movements and postural tremor 177 in the same subject. In all the patients recorded intraoperatively in Cologne, postural tremor emerged after the elevation 180 of the arm as shown by increased 4-7Hz activity in the EMG. The EMG activity during postural 181 tremor was clearly differentiable from that at rest without tremor, with increased activity in the tremor 182 and double tremor frequency bands (Fig. 7A ). Based on the power of the tremor frequency activity 183 in the EMG measurements, tremor was detected for 93% ± 2.9% of the time when the hand was 184 elevated; in contrast, tremor was detected only for 5.4% ± 1.7% of the time when the hand was at rest.
185
Postural tremor was also associated with increased activity in the tremor frequency band (4-7 Hz) in 186 the thalamic LFPs (Fig. 7B ). The LR-based classifier using features extracted from thalamic LFP as 187 model inputs was used for detecting postural tremor in the contralateral limb. The ROC curves (Fig. 188 7C) showed that the decoding of postural tremor was achieved well above chance-level in all the 12 189 tested hands from the 9 patients. The AUC of tremor detection was 0.79 ± 0.027 (ranging between 190 0.66 and 0.96). With a constant threshold of 0.4, the sensitivity for movement detection was 0.77 ± 191 0.020 (ranging between 0.71 and 0.95) and the false positive rate was 0.29 ± 0.038 (ranging between 192 0.086 and 0.49). The oscillatory activities between 4-7 Hz (theta frequency band) in thalamic LFPs 193 contributed most to the tremor decoding, and the AUC of the decoding increased with increasing 194 levels of theta band modulation in thalamic LFPs relative to rest across tested hands (Spearman 195 correlation, r12=0.825, p = 0.0017).
197
Discussion 198 We have demonstrated that both voluntary movements and postural tremor can be detected based on 199 thalamic LFPs recorded using the same electrode as used for therapeutic stimulation, with an average 200 sensitivity of 0.8 and false positive rate of 0.2. Oscillatory activities in the low beta (13-22 Hz) and 201 theta (4-7 Hz) frequency bands contributed most to detecting voluntary movements and postural 202 tremor, respectively. The movement detection on average preceded movement onset. Critically, the 203 same classifier trained on data recorded during prompted pre-defined movements was also able to 204 detect different self-paced movements, representative of those made during everyday life. However, 205 9 separate models are required for detecting voluntary movements and postural tremor to ensure that 206 both situations will be detected to trigger the DBS. This study suggest that thalamic LFPs can be sufficient to trigger anticipatory DBS to suppress tremor 210 during action and sustained posture. A previous study monitoring natural hand movements made 211 during everyday life in healthy subjects showed that the hand was essentially at rest for approximately 212 half the time when subjects were awake [25] . Accordingly, actuating DBS only during movement or 213 during postural tremor could lead to up to 50% reduction in the total energy delivered to the brain 214 during awake hours and possibly more once sleep is considered. Compared to previous studies [12-215 16], our results showed that responsive DBS for essential tremor can be achieved without the 216 requirement of external sensors or additional electrocorticography strips. Using LFP activities 217 recorded from the stimulation electrode for closing the loop for DBS has advantages in minimising stimulation is on. However, at least the detection of movement or tremor onset to start stimulation 233 will not be affected by stimulation artefact. Yet once stimulation is switched on, the classifier still 234 needs to detect the offset of movement or tremor to switch off stimulation, and here the performance 235 of the classifier at this point in time may be compromised by the presence of stimulation artefact. 236 Noteworthy, activities in the beta and theta frequency bands recorded from the stimulation electrodes 237 contributed most to movement and tremor detection, respectively, and can both be monitored even 238 during stimulation, with sufficient filtering and signal processing [26] [27] [28] [29] . It remains to be seen 239 whether a separate model with different weight vectors may be required for detecting movement and remaining postural tremor in the post-operative period and for whom we also recorded voluntary 250 movements, we showed that the model optimised for detecting postural tremor was very different 251 from that optimised for detecting voluntary movements. Separate models for detecting movement and 252 for detecting postural tremor may be required to ensure that DBS is actuated when intention and/or 253 postural tremor is detected for optimal treatment of the disease. Considering all these issues, we In this study, we adopted a machine learning approach using a linear combination of activities in eight Table 1 . Patients in Oxford were recorded post-operatively. They were seated in a chair in front of a desktop 336 monitor and performed different upper limb movements. In order to test the versatility of the proposed 337 methods in detecting different movements, several motor tasks with different durations and different 338 muscle effectors were used across different patients (see Table 1 ). In total, brief cued movements, 339 such as hand gripping, joystick movement, button pressing were recorded from 5 patients (8 hands), 340 and self-paced continuous movements, such as finger tapping, were recorded from 3 patients (5 341 hands). In 'cued gripping force' task, patients were asked to grip a dynamometer (hand dynamometer, 342 Biometrics) so that a bar position indicating the measured force matched a cued position displayed 343 on the monitor (Fig. 1A) . Each grip lasted 6 seconds with an inter-trial interval of 4-5 seconds 344 (randomised) and there were 25-30 trials in each session. In the finger joystick task, patient was 345 prompted to move a joystick so that the cursor (a red dot displayed on a monitor) corresponding to 346 the joystick position would match a target position (a green dot). For each trial, the green target 347 jumped from the centre to one of eight potential positions, and stayed at the target position for 1 348 second before returning to the centre of the screen (Fig. 1B) . In the 'cued button pressing' task, 349 patients were asked to press the same key on a keyboard using the index finger once they saw a cue 350 presented on a monitor. In addition, two other patients performed self-paced continuous movements. performed some other self-paced movements such as spiral drawing, reaching and grasping (Table   356 1). Importantly, these movements were different from those used to train the classifier, so as to see if In addition, 3D accelerometers (± 3g, TMSi, Netherlands) were attached to the hand in order to 379 measure kinematic movements of the hand and the presence of tremor. 
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A threshold was then applied to p(t) to classify the current observation as movement/tremor or not. In order to further evaluate the across-session and across-task generalisability of the LR based 493 classifier, the classifier trained with data recorded during pre-defined movements was tested for 494 decoding other types of self-paced movements in five patients. The ROC curves for the test were 495 plotted; the AUC and the sensitivity (percentage of movement time that was accurately detected) 496 were quantified and presented. 
The importance of frequency bands for decoding movements was also evaluated by comparing the 506 AUC values as the performance of the classifier after removing features of specific frequency bands. 
